Data assimilation has allowed hydrologists to account for imperfections in observations and uncertainties in model estimates. Typically, updated members are determined as a compromised merger between observations and model predictions. The merging procedure is conducted in decision space before model parameters are updated to reflect the assimilation. However, given the dynamics between states and model parameters, there is limited guarantee that when updated parameters are applied into measurement models, the resulting estimate will be the same as the updated estimate. To account for these challenges, this study uses evolutionary data assimilation (EDA) to estimate streamflow in gauged and ungauged watersheds. EDA assimilates daily streamflow into a Sacramento soil moisture accounting model to determine updated members for eight watersheds in southern Ontario, Canada. The updated members are combined to estimate streamflow in ungauged watersheds where the results show high estimation accuracy for gauged and ungauged watersheds. An evaluation of the commonalities in model parameter values across and between gauged and ungauged watersheds underscore the critical contributions of consistent model parameter values. The findings show a high degree of commonality in model parameter values such that members of a given gauged/ungauged watershed can be estimated using members from another watershed.
INTRODUCTION
Data assimilation (DA) has been applied in several hydrological studies to improve estimation through integration of information content from imperfect observations into uncertain model outputs. DA methods merge model esti- into an applied DA approach. EDA combines the stochastic and adaptive capabilities of MOEAs with the cost function from the variational DA approach to evolve a population of candidate ensemble members through several cycles of evolution. As a population-based approach, EDA uses the evolutionary strategy to evaluate several candidate ensemble members before selecting a subset of the ensemble members as the updated members for each assimilation time step. The implementation procedure of EDA is detailed in the subsection on using the evolutionary strategy to assimilate observations. This study has applied EDA to assimilate daily streamflow into the Sacramento soil moisture accounting (SAC-SMA) model for eight watersheds with natural flows in southern Ontario, Canada. The leave-one-out evaluation method was used to transfer the updated ensemble members for the remaining watersheds to the ungauged watershed at a time. Using inverse distance weighing (IDW), the updated ensemble members for the remaining watersheds are combined to determine the ensemble members for the ungauged watershed where they are used to simulate streamflow. This evaluation procedure is conducted by selecting each of the eight watersheds as an ungauged watershed at a time. It is noteworthy that the ensemble members are defined by the following components: model states and parameters and forcing data uncertainties. For each ungauged watershed, these specific model components are estimated before they are applied into SAC-SMA to simulate streamflow.
As will be shown in this study, the differences in estimation accuracy between gauged and ungauged watersheds can be examined in relation to the differences or commonalities in parameter values. The results will emphasize the critical contributions of consistent model parameter values and their impact on estimation accuracy in ungauged watersheds. The remainder of the paper is organized as follows. The next section outlines the experimental area, data sources and the EDA procedure. Illustrative outputs are presented and discussed in the Results section.
The findings of this study are summarized in the Conclusions section.
DATA AND METHODS
The study area shown in Figure 1 has eight selected watersheds in southern Ontario, Canada. According to the mean annual precipitation and the average annual runoff, the area is considered moderately homogeneous. However, each watershed has unique behaviour, with each having different drainage areas, different land cover types and different dominant soil textural properties, as shown in Table 1 .
The SAC-SMA model was applied to simulate the streamflow in the various watersheds. A schematic illustration of the SAC-SMA model structure is presented in MAD, mean annual discharge; PCP, mean annual precipitation. and Vrugt & Robinson () . It is noteworthy that the selected watersheds and the SAC-SMA model are simply used to demonstrate the utility of the proposed approach and that the resulting findings of this study are applicable to other watersheds and rainfall-runoff models.
Using the evolutionary strategy to assimilate observations The EDA procedure for sequential assimilation of streamflow is shown in Figure 3 . This EDA procedure uses the (1), and the forcing data are perturbed by using Equation (2). Each member of P r is applied into the measurement model to determine the prediction in Equation (3), and the observation is perturbed using Equation (4) to generate 2n members:
where x t is a vector of predicted states at time t; f[.] is the measurement model; x tÀ1 is a vector of updated states for the previous time; z t is the model parameter; u t is the forcing data;
γ t is the forcing data error with covariance β u t at each time step;ŷ t is the ensemble prediction; y t is the observation; and ε t is the observation error with covariance β y t at each time step. The predictions and the observations each of size 2n are evaluated using the cost function (denoted J) in Equation (5), and the absolute difference in Equation (6). Both objectives are minimized such that the fitter (i.e. more competitive) members have smaller values in at least one or more objectives. AbsDiff allows the determination of members with the smallest residual between the model output and the perturbed observation. The minimization of J finds members that represent the best compromise between the background value and the perturbed observation. The background value is the average estimate for forecasted ensemble members, which are determined by applying the members of the population from the previous assimilation time step into the measurement model to make a prediction for the current time step. The background value for the initial time step is determined from a randomly generated population of members:
AbsDiff ¼ jy i À y o,i j (6) Figure 3 | An outline of the computational procedure of EDA in a sequential assimilation of streamflow (adapted from Dumedah (2012)).
where y b,i is the background value for the ith data point; y o,i is the perturbed observed value for the ith data point; σ 2 b is the variance for the background streamflow; σ 2 o is the variance for the observed streamflow; y i is the analysis value (i.e. prediction) for the ith data point that minimizes J(y i ); and k is the number of data points.
The sorting of the members in a population is conducted using Pareto dominance (or non-dominance) to select n fitter members, where they are varied and recombined to determine new members for the population P r of size 2n.
These procedures are repeated to evolve the population P r through several generations where each generation attempts to increase the overall quality of members in P r . At the referenced (i.e. the last) generation, the final n fitter members are chosen as the updated members where they are archived into the population P e . It is noteworthy that the updated members are only a subset of all evaluated members for the current time step.
The assimilation time step is incremented from t to t þ 1 where the n members in P e at t are used to generate n number of forecasts for future time t þ 1, and the average and its associated variance from the ensemble members are used as background information. The P e from t is also used as a seed population for t þ 1, where it is varied and recombined to generate a new population P r of size 2n.
This new P r is again evolved through several generations to determine the final n updated members for t þ 1. These procedures are repeated for future assimilation time steps to evolve members through several generations, and to determine the updated members for each assimilation time step. The resulting output is an archive of n updated members for each assimilation time step.
Setup of model runs and transfer of assimilated ensembles to ungauged watersheds EDA was run with 1000 ensemble members for a 5 year period from 2004 to 2008 for the eight gauged watersheds.
A population of 40 members was chosen and was evolved through 25 generations to evaluate the 1,000 members.
The number of updated members that are archived for each assimilation time step is 20, representing half the size of the evolving population. EDA generates the initial population by using the model parameter bounds and forcing data uncertainties in Table 2 , where the SAC-SMA model states (also in Table 2) Table 2 :
where P denotes a value for model state, parameter or forcing data uncertainty; n is the total number of members across the entire assimilation time period; and P r i and P c i represent the ith parameter values for referenced (r) and current (c) watersheds, respectively. 
RESULTS AND DISCUSSION

Evaluation of updated streamflows
The ensemble mean of the updated members are evaluated using the Nash-Sutcliffe efficiency (NSE) in Equation (8) and the percent bias in Equation (9) The quality of the generated ensemble mean for the various watersheds is shown in the upper portion of Table 4 .
The watersheds have different evaluation values, but the overall performance is high across all watersheds. The temporal comparison between the observation and the estimated streamflow is shown for all watersheds in Figure 4 .
The temporal correlations between the observation and the ensemble mean for these sample watersheds are high, and support the computed evaluation measures.
where Q obs i is the observed streamflow at time i; Q sim i is the simulated streamflow at time i; Q obs is the mean of observed streamflow; and n is the number of data points.
Streamflow simulations in ungauged watersheds
The estimated ensemble of streamflows in the ungauged watersheds are compared to the observation streamflow to assess the accuracy of EDA estimation. The evaluation in The comparison in estimation accuracy between gauged and ungauged watersheds shows that the estimation accuracy declines from gauged watersheds to ungauged ones.
The differences in estimation accuracy between gauged degree of commonality for a large proportion of the parameters is notable, given the unique properties of each watershed. This is significant because, for these model parameters, the average variance of their differences is less than 1% across all eight watersheds. The significance of this commonality is that these parameters show a high degree of transferability in a way that parameter values for a given gauged/ungauged watershed can be estimated using parameter values from another watershed. It is noteworthy that the high degree of commonality is not limited to model parameters and state variables in the SAC-SMA model, but also to the uncertainties applied to the forcing data variables: precipitation and temperature.
In the second case, comparisons are undertaken to evaluate the differences in parameter values between gauged and ungauged watersheds. In accordance with Equation (7), the gauged watershed is considered the refer- 
CONCLUSIONS
This study has illustrated the EDA approach to facilitate estimation of streamflow in gauged and ungauged watersheds. 
